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Abstract

In underground mining environments, collisions between Load–Haul–Dump (LHD) ma-
chines and personnel pose serious safety risks. To address challenges such as uneven
illumination, dust interference, occlusion, and limited computational resources, this pa-
per proposes FP-DETR, an improved RT-DETR framework for underground personnel
detection. The model integrates a CSP-FFCM module for efficient spatial–frequency fea-
ture extraction, a polarity-aware linear attention-based POTE module for enhanced global
feature interaction, and a Matching-Aware Loss to improve confidence–quality alignment
and reduce false alarms. Experiments on a self-constructed dataset show that FP-DETR
achieves 88.5% mAP@0.5 and 58.6% mAP@0.5:0.95, improving RT-DETR-r18 by 1.5% and
3.5%, respectively, while reducing parameters from 20.0 M to 15.8 M and GFLOPs from
57.3 to 51.2. Field tests show a reduction in frame-level FPR from 4.1% to 3.4%. However,
validation is limited to no-person scenarios, and full operational evaluation is required for
comprehensive assessment.

Keywords: underground personnel detection; RT-DETR; Fourier Convolution;
polarity-aware attention; intelligent mining

MSC: 68T75; 68T07

1. Introduction
Underground mining is one of the most hazardous industrial activities, where harsh

environmental conditions like limited visibility and dark tunnels significantly increase the
risk of accidents. In underground metal mines, Load–Haul–Dump (LHD) machines play a
critical role in transporting ore and materials, and their operational efficiency and level of
intelligence directly impact the mine’s overall productivity. However, LHDs often operate
in narrow, dark tunnels with blind spots, making them highly susceptible to collisions with
nearby personnel, which can lead to equipment damage and severe casualties [1]. Therefore,
exploring how to use intelligent technology to reduce these accidents by accurately and
reliably detecting personnel around LHDs in real time has become a pressing challenge to
enhance the intelligence of mine safety management [2].

As shown in Figure 1, the underground environment is distinct from surface condi-
tions, presenting several unique challenges to safe operations. These include prolonged
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low or uneven lighting, high concentrations of airborne dust, high humidity, and confined,
winding tunnel spaces. Moreover, underground production involves the frequent move-
ment of large machinery and personnel, creating complex scenarios where equipment and
human activity areas overlap. These combined factors of harsh environments and complex
operational modes significantly increase the overall risk of underground mining.

(a) (b) 

Figure 1. The underground production environment. (a) Uneven illumination; (b) Narrow tunnels.

For example, low light and dust severely reduce visibility, interfering with a per-
son’s visual perception and operational behavior. This significantly degrades situational
awareness for both workers and operators and for equipment operators to fully per-
ceive nearby individuals or obstacles. As shown in Figure 2, LHDs are large vehicles
with significant blind spots during operation. The constricted nature of subterranean
tunnels, compounded by the frequent convergence of heavy machinery and personnel
in shared spaces, substantially diminishes safety margins and elevates the likelihood of
collision incidents.

Figure 2. Load–Haul–Dump vehicles.

Traditional safety management measures and human-based monitoring are often inad-
equate for handling these complex, dynamic underground environments and high-intensity
operational demands. While various personnel detection technologies have been applied
in mining safety, existing solutions still face numerous challenges and limitations [3,4].
Furthermore, current research often focuses on improving detection accuracy while over-
looking the critical need for a low false alarm rate. Frequent false alarms not only disrupt
normal production and reduce efficiency but can also lead operators to distrust the system,
causing them to ignore genuine warning signals [5].
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To address these challenges and advance underground personnel detection technology,
this paper proposes a new detection method, FP-DETR, based on RT-DETR. Our method
aims to reduce the false alarm rate, improve detection accuracy, and decrease model
parameters. The proposed method integrates Fast Fourier Convolution (FFC) and Polarity-
aware Transformer Encoder. First, FFC is introduced into the backbone network to fuse
multi-scale spatial features through spatial–frequency domain convolution. This allows for
more efficient extraction of global information, effectively tackling issues such as occluded
personnel, uneven lighting, and dust-related noise in complex underground environments,
thereby improving the detection of personnel around LHDs. Second, a Polarity-aware
Transformer Encoder mechanism is incorporated into the neck network. This mechanism is
designed to address the high computational complexity of Transformer self-attention and
the limited representational power of traditional linear attention in underground settings.
By explicitly modeling the interactions of same-signed and opposite-signed query–key
pairs, it enhances the model’s discriminative power and efficiency.

Furthermore, to address the data imbalance between personnel and background,
which often leads to false positives, we introduce the Matching-Aware Loss (MAL). A
high-quality field dataset was collected and annotated specifically for the underground
environment. This dataset was further augmented with pedestrian pairs from the RTTS
dataset, and underground background images were included as negative samples during
training. This approach is designed to reduce false alarms and enhance the model’s
robustness in real-world scenarios. The FP-DETR algorithm for detecting personnel around
underground LHDs demonstrates potential applicability importance for ensuring the safety
of miners and enhancing overall mine safety production levels.

2. Related Work
According to their detection principles and application scenarios, common traditional

personnel detection and positioning systems include technologies such as GPS, UWB, RFID,
and LIDAR. However, the unique and challenging environmental conditions found in un-
derground mines, including dust, poor visibility, high humidity, and elevated temperatures,
severely hinder the use of these sensors. While the Global Positioning System (GPS) offers
high precision for surface operations, its dependence on satellite signals makes it unusable
in subterranean environments [6]. Ultra-wideband (UWB) radar, which detects obstacles
by transmitting electromagnetic waves, is often prone to false positives and struggles to dif-
ferentiate between people and objects [7]. RFID (Radio-Frequency Identification) systems
use tags worn by workers, which are detected by readers in hazardous zones to trigger
visual and auditory alerts for vehicle operators. Yet, these systems cannot provide a precise
location for employees, require every person and vehicle to be tagged, and suffer from
signal attenuation caused by rough walls [8]. Lastly, LIDAR-based positioning systems
can quickly detect the distance between all objects within a scanning range of up to 50 m
in enclosed underground spaces; however, they lack the ability to accurately distinguish
between people and objects, resulting in significant positioning errors [9].

Over the last few years, artificial intelligence, particularly computer vision, has rapidly
and profoundly empowered various industries. Computer vision-based anti-collision
systems have already been successfully applied in open-pit mines, quarries, and similar
environments [10]. Jing Zhang proposed a crowd-sensing technology based on the intelli-
gent industrial Internet of Things for safety monitoring in coal mines, which has achieved
good results [11]. MSC-DETR is a lightweight real-time foreign object detection model
based on RT-DETR, specifically designed for underground coal mine belt conveyors under
challenging conditions such as uneven illumination and heavy background interference. It
achieves strong performance by introducing MAFEA, SEFFN-AIFI, and CEAFPN modules,
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reducing parameters and GFLOPs by 55.2% and 70.2% respectively while attaining 93.3%
mAP50 at 124.6 FPS on the CUMT-BelT dataset. However, its generalization capability
across different mine environments and robustness under severe dust or extreme occlusion
remain to be further validated [12]. Gang Wang optimized the YOLOv8 model for small
targets on drones and proposed a target detection model based on drone aerial photography
scenarios, called UAV-YOLOv8, which achieves a good balance between detection perfor-
mance and resource consumption [13]. Due to its high efficiency and adaptability, computer
vision has become a hot topic in underground personnel detection research, offering an
effective way to reduce accidents and fatalities in subterranean mining operations [14–16].
Several studies have contributed to this field: Wei proposed the PftNet detection network,
a novel detector that outperforms single-stage methods while maintaining the accuracy
of two-stage approaches, though its identification module involves a cumbersome multi-
step process [17]. Wang et al. introduced a real-time underground obstacle detection
algorithm based on DeblurGANv2 and an improved YOLOv4, but its detection accuracy
in complex conditions needs improvement, and the network structure has room for op-
timization [18]. Shao’s new Rep-YOLO (re-parameterized YOLO) detection algorithm
improved the model’s recall, AP50, and FPS [19]. Wang et al. proposed a lightweight
network based on an improved YOLOv5 for multi-object detection in underground rail
locomotive driving areas; their results showed a 12.3% reduction in parameters and a
1.7% increase in mAP, making it more suitable for multi-target detection in these specific
environments [20]. Tian Z. showed that data augmentation on low-light underground
images before using YOLOv8 improved detection performance [21]. Feng Tian proposed
an improved Retinex algorithm for low-light mine image enhancement. Experimental
data show that the algorithm improves image brightness, prevents halo artifacts while
preserving edge details, and reduces the impact of noise. However, image enhancement
requires additional computing power and is not suitable for the real-time requirements
of downhole detection [22]. Ni et al. used an improved YOLOv8 algorithm combined
with the ray method to determine if underground personnel had entered a dangerous
zone, demonstrating higher accuracy than the standard YOLOv8 model in handling un-
derground environmental variations [23]. Jin et al. presented an improved YOLOv8-based
method to address issues of high computational consumption and slow detection speed,
although their research was not sufficiently thorough regarding more complex low-light
conditions and false positive rates (FPR) [24]. Lastly, Yadong Li integrated an efficient
channel attention (ECA) mechanism into the YOLOv11 model, enhancing its ability to focus
on key features and significantly improving detection accuracy [25].

Significant progress has been made in computer vision-based underground personnel
detection systems. However, the inherent limitations of the receptive field in convolution
operations and the inductive bias of convolutional structures make it challenging to es-
tablish long-range dependencies and global context. Moreover, algorithms like the YOLO
series often require non-maximum suppression (NMS) as a post-processing step to remove
duplicate bounding boxes, which increases computational complexity and hinders true
end-to-end detection performance.

The underground environment is complex with poor lighting conditions, and un-
derground personnel targets are often small and have indistinct features. The local mod-
eling of convolutional neural networks (CNNs) is more susceptible to factors such as
illumination, dust interference, and occlusion. Furthermore, because underground per-
sonnel are often occluded, small, and blurry, CNNs lack global modeling capabilities,
suggesting that CNN-based models may not be well-suited for personnel detection in
underground environments.
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Existing research primarily focuses on improving detection accuracy in known scenes,
neglecting issues faced in practical applications in complex underground scenarios, such
as large model parameters, limited generalization ability, and the generation of numer-
ous false positives that interfere with normal production operations. Therefore, there
is a need to develop personnel detection methods specifically suited for the unique
underground environment.

Unlike CNNs, Transformers possess the ability to capture complex spatial variations
and establish global relationships between image elements through their self-attention
mechanism [26]. The exceptional generalization and robustness of Transformer-based
models have been demonstrated in previous studies. Carion et al. proposed the Detection
Transformer (DETR), which integrates Transformers into object detection by using a CNN as
a backbone and combining it with a Transformer encoder–decoder network [27]. Compared
to single-stage detectors (e.g., YOLO series) and two-stage detectors (e.g., Faster R-CNN)
that are based on CNNs, DETR offers a fully end-to-end trainable architecture. This
eliminates the need for post-processing steps like Non-Maximum Suppression (NMS), as
well as the need for prior knowledge and constraints, which significantly simplifies the
object detection pipeline. Furthermore, DETR has shown superior performance in the field
of object detection when compared to its CNN-based counterparts. RT-DETR, proposed by
Baidu, is an end-to-end object detection framework designed to achieve faster inference
speeds while maintaining high detection accuracy [28]. RT-DETR employs an efficient
hybrid encoder that integrates multi-scale feature interactions, allowing for improved
detection speed while preserving high accuracy. Key improvements of RT-DETR include
the following: an efficient hybrid encoder is used to reduce computational redundancy; a
method called uncertainty-minimal query selection optimizes target queries to enhance
detection accuracy; and the model supports flexible speed adjustments to adapt to various
real-time detection requirements.

To our knowledge, there is limited research on using end-to-end DETR models for
underground personnel detection and recognition compared to the YOLO series. An
enhanced version of RT-DETR, named RT-DETR-MS, was proposed by Song et al. to
improve personnel detection in dense scenes, and the results showed an improved ability
to detect small objects, but it was not applicable to underground environments [29]. Tian’s
improved PDP-RTDETR model achieved a mean average precision (mAP) of 56.6% for
small object detection on a self-built dataset, successfully improving small object detection
accuracy in mine scenarios [30]. RT-DETR surpasses the YOLO series of comparable sizes in
both speed and accuracy on the COCO dataset. Therefore, it is feasible to use RT-DETR as a
foundational model to explore personnel detection around LHD in complex environments.

3. Datasets
Constructing and pre-processing high-quality datasets are crucial steps for training

effective object detection models. While mainstream pedestrian detection datasets such as
CityPersons [31], Caltech Pedestrian [32], and COCO [33] possess a certain level of diversity
and complexity, they primarily focus on urban ground-level scenes. These datasets fail to
encompass the unique visual interferences characteristic of underground environments
and using them directly for training leads to a lack of generalization ability when the
model is deployed in real-world scenarios. For the specific task of personnel detection
around underground LHD, a dataset must genuinely reflect the complexity of the working
environment. Therefore, building a representative and task-specific dataset is essential
for improving detection accuracy. To align with the actual detection requirements of the
underground environment, the dataset used in this paper is composed of self-collected
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images of underground miners and images with “Person” labels extracted from RTTS
data [34].

3.1. Dataset Collection

The proprietary underground personnel dataset used in this study was collected from
two underground mining sites in China: The Luohe Iron Mine in Anhui Province and the
Panlong Lead-Zinc Mine in Guangxi Province. The dataset contains diverse underground
scenes acquired under real operating conditions, including low illumination, dust interfer-
ence, occlusion, uneven exposure, and complex equipment backgrounds. As illustrated in
Figure 3, the collected images cover multiple working scenarios involving underground
personnel near LHDs, mining carts, tunnel intersections, and curved roadways, thereby
ensuring strong representativeness for underground personnel detection tasks.

(a) (b) (c) 

(d) (e) (f)

Figure 3. Data collected from different underground scenes. (a) Bright lighting conditions;
(b) Low-light conditions; (c) Highly occluded scene; (d) Long-distance scene; (e) High-dust en-
vironment; (f) Similar background scene.

The first data source was the Luohe Iron Mine located in Hefei, Anhui, China. Data
collection was conducted from 1 October to 20 October 2024. During this period, five
OAK-D-Pro-W-PoE cameras (Luxonis, Broomfield, CO, USA) were mounted on a Sandvik
LH514E load-haul-dump (LHD) vehicle (Sandvik Mining and Rock Solutions, Stockholm,
Sweden) to continuously capture real-time video streams during underground operations,
enabling comprehensive coverage of the surrounding working area. The second data source
was the Panlong Lead-Zinc Mine in Guilin, Guangxi, China, where data were collected from
10 March to 12 March 2025. In this mine, underground personnel videos were manually
captured under different lighting conditions, shooting angles, and occlusion scenarios.

The collected videos were first processed by frame extraction using the OpenCV
(version 4.12.0, Open Source Computer Vision Library) for video frame extraction. To avoid
excessive redundancy caused by adjacent video frames, one frame was sampled every
30–60 frames. Subsequently, blurry frames, ghosting frames, and low-quality samples were
manually removed. Frames containing underground personnel were retained as positive
samples, while tunnel scenes without personnel were retained as negative samples.

To address the concern of potential data leakage caused by frame-level random split-
ting, a strict video-level data partition strategy was adopted. Specifically, all frames
extracted from the same video sequence were assigned exclusively to either the training
set or the validation set. Therefore, highly similar frames from the same video could not
simultaneously appear in both subsets. This strategy effectively prevents overestimation of
model performance and improves the reliability of the evaluation results.
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Due to the harsh underground environment, including dust interference, low illumi-
nation, and weak texture features of miners’ clothing, personnel appear relatively sparsely
in practical underground scenarios. To better reflect the real distribution characteristics
of underground environments and reduce false positive detections, 2000 negative images
without personnel were additionally collected from tunnel scenes. These negative sam-
ples were also included in both the training and validation sets following the same 8:2
split ratio.

In addition to the self-collected underground dataset, the Real-world Task-driven Test-
ing Set (RTTS) was introduced to further improve dataset diversity and model robustness.
RTTS contains 4322 real-world hazy images with annotations for five object categories,
including person, bicycle, bus, car, and motorbike. As shown in Figure 4, the RTTS dataset
exhibits visual characteristics like underground environments, such as low contrast, blur,
haze-like interference, and reduced visibility. Therefore, 2734 images annotated with
the “person” category were extracted and incorporated into the dataset to improve the
detector’s adaptability to low-visibility and degraded underground conditions.

(a) (b) 

(c) (d) 

Figure 4. Pedestrians in different scenes within the RTTS dataset. (a) Foggy scenes; (b) Bright scenes;
(c) Low-contrast scenes; (d) Complex lighting conditions.

3.2. Data Augmentation

Due to the difficulty and high cost of collecting underground personnel images, the
amount of available training data was relatively limited. To improve dataset diversity
and enhance the generalization capability of the detector, the self-collected underground
dataset was first divided into training and validation subsets using the video-level splitting
strategy described in Section 3.1 with an 8:2 ratio. Data augmentation was subsequently
applied exclusively to the training subset of the self-collected underground dataset using
the Albumentations library (version 2.0.5), while the validation subset retained only original
non-augmented images. The RTTS dataset was not augmented in this study. Therefore,
augmented versions derived from the same original frame could not simultaneously appear
in both the training and validation subsets, thereby ensuring a fair and reliable model
evaluation process.

As illustrated in Figure 5, both geometric and photometric augmentation strategies
were adopted to simulate the complex visual characteristics of underground environ-
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ments, including viewpoint variation, illumination fluctuation, blur, dust interference, and
low visibility.

(a) (b) 

(c) (d) 

Figure 5. Original image and images after various data augmentation techniques using the Albu-
mentations library (version 2.0.5). (a) Original image; (b) Horizontal flipping and color variation;
(c) Horizontal flipping and local exposure; (d) Color variation.

For geometric augmentation, affine transformation was applied to simulate variations
in camera viewpoints and personnel postures during underground operations. The affine
transformation included random scaling, translation, rotation, and shear operations, where
the scaling factor ranged from 0.5 to 1.5 and the shear angle ranged from −45◦ to 45◦. In
addition, perspective transformation, elastic deformation, grid distortion, and random
cropping were introduced with relatively low probabilities to enhance the robustness of
the model to geometric deformation and partial occlusion.

To simulate image degradation commonly observed in underground environments,
several photometric augmentations were further applied, including Gaussian noise, image
compression, random brightness and contrast adjustment, fog simulation, shadow simula-
tion, and grayscale conversion. Among them, JPEG compression quality was randomly
adjusted within the range of 50–100 to imitate image quality degradation caused by video
transmission and acquisition devices. Random brightness and contrast transformations
were employed to simulate uneven underground illumination conditions, while fog and
shadow augmentations were used to reproduce dust interference and local occlusion effects
frequently encountered in underground scenes.

To ensure annotation consistency during augmentation, all bounding boxes were
synchronously transformed in YOLO format. Bounding boxes with visibility lower than
10% after augmentation were automatically discarded to avoid generating unreliable
annotations. Through the combined application of these augmentation methods, the
number of underground personnel training samples was substantially increased after
augmentation, thereby improving dataset diversity.
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3.3. Dataset Merging and Analysis

To improve the robustness and generalization ability of the detector, the augmented
underground dataset was merged with the filtered RTTS personnel dataset for hybrid
training. Before merging, a quantitative analysis was conducted to evaluate the consistency
between the two datasets and reduce the risk of domain shift.

First, the spatial distribution and scale characteristics of human targets were analyzed.
As shown in Figure 6, the bounding boxes in both datasets exhibit similar spatial clustering
patterns in the normalized image coordinate system. Most human targets are concentrated
in the middle and lower regions of the images, which is consistent with the camera in-
stallation perspective on underground LHD equipment and the typical activity regions of
miners. In terms of target scale distribution, both datasets show consistency in normalized
bounding box width and height. Most targets are concentrated within the normalized
size range of 0.05–0.20, indicating that both datasets predominantly contain small-scale
pedestrian targets. This consistency suggests that the RTTS dataset shares similar geometric
characteristics with underground personnel images, thereby supporting the feasibility of
dataset fusion.

(a) 

(b)

Figure 6. Target size and position of people in RTTS dataset and self-collected dataset. (a) RTTS
dataset bounding box position and size; (b) Self-collected dataset bounding box position and size.

To further evaluate the compatibility between the two datasets, pixel-level distribution
consistency analysis was performed using Jensen–Shannon (JS) divergence, Kullback–
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Leibler (KL) divergence, and Wasserstein distance across RGB channels. The statistical
results are presented in Table 1.

Table 1. Pixel distribution difference metric.

Metric R Channel G Channel B Channel

JS Divergence 0.0161 0.0153 0.0141
KL Divergence 0.0610 0.0578 0.0539

Wasserstein Distance 20.54 19.93 20.03

As shown in Table 1, the JS divergence values of all RGB channels are approximately
0.015, indicating a certain degree of similar distribution shapes between the two datasets.
Meanwhile, the KL divergence values remain below 0.07, suggesting only minor infor-
mation discrepancy. Although the Wasserstein distance values are approximately 20,
reflecting slight global illumination differences, the overall deviation remains relatively
small compared with the full pixel intensity range of 0–255.

Furthermore, as illustrated in Figure 7, the RGB pixel distributions of the underground
dataset and the RTTS dataset exhibit highly consistent overall trends across all three chan-
nels. The distribution curves almost overlap within the medium-intensity regions where
most pixels are concentrated, indicating strong consistency in low-level visual characteris-
tics such as illumination patterns, color composition, and background appearance. Slight
deviations appear mainly in high-intensity regions, where the underground dataset ex-
hibits slightly brighter pixel values due to differences in underground lighting equipment
and imaging conditions. Nevertheless, the overall distribution similarity remains high,
demonstrating that the RTTS dataset can be effectively integrated without introducing
severe domain bias.

Figure 7. Comparison of RGB Pixel Distributions between the Self-Collected Dataset and
RTTS dataset.

Figure 8 shows the location and size of the target bounding boxes in the merged
dataset. Since the RTTS dataset does not provide annotations in YOLO format, all an-
notations were first converted into normalized YOLO-format labels. Subsequently, only
the “person” category was retained, while all other object categories were removed. The
self-collected underground dataset was annotated using LabelImg (version 1.8.6), and
all annotations were manually verified to ensure labeling accuracy and consistency. To
improve annotation reliability and consistency, all dataset annotations were independently
reviewed and cross-validated by two annotators. In cases where annotation discrepan-
cies occurred, the corresponding samples were jointly reviewed and discussed by the
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two annotators until a consensus was reached before final dataset construction. After
dataset merging, the final dataset contained 5930 positive samples with personnel annota-
tions, including 3196 augmented underground positive samples and 2734 RTTS personnel
samples. In addition, 2000 underground negative samples without personnel were re-
tained. The ratio between positive and negative samples was approximately 2.96:1, which
is consistent with the sparse personnel distribution characteristics commonly observed in
underground mining environments.

Figure 8. Visualization and distribution of object bounding boxes in the merged dataset.

The detailed statistical information of the final merged dataset is summarized in
Table 2. Following the video-level splitting strategy described in Section 3.1, the self-
collected underground dataset was first divided into training and validation subsets using
an 8:2 ratio. Data augmentation was applied exclusively to the underground training subset,
while the validation subset retained only original non-augmented images. Subsequently,
the underground training subset and the corresponding RTTS training subset were merged
to construct the final training dataset. The final validation dataset consisted solely of
original non-augmented images from both datasets. Both positive and negative samples
were included throughout the dataset construction and partitioning process.

Table 2. Merged Dataset Details.

Dataset Source Original Positive Samples Final Training Samples Validation Samples Negative Samples

Luohe Iron Mine 812 1449 363 1000
Panlong Lead-Zinc

Mine 1188 1747 441 1000
RTTS 2734 2189 545 0
Total 4734 5385 1349 2000

4. Methodology
The performance of RT-DETR in underground personnel detection is largely deter-

mined by the representation capability of its backbone network and the effectiveness of
its feature interaction mechanism. However, the original RT-DETR framework faces three
major limitations in underground mining environments. First, the ResNet-18 backbone
mainly relies on local convolutional operations, which limits its ability to capture discrim-
inative features under conditions involving uneven illumination, dust interference, low
contrast, and target occlusion. Second, the standard self-attention mechanism adopted in
the Attention-based Intra-scale Feature Interaction (AIFI) module introduces quadratic
computational complexity, making it difficult to satisfy the real-time requirements of
personnel detection around Load–Haul–Dump (LHD) vehicles. Moreover, conventional
self-attention insufficiently models directional and local spatial dependencies that are
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critical for identifying partially occluded or low-visibility personnel. Third, the Varifocal
Loss (VFL) used in RT-DETR is sensitive to severe foreground–background imbalance,
which frequently results in unstable confidence estimation and excessive false positives in
underground scenes.

To address these challenges, an improved RT-DETR framework termed FP-DETR
is proposed, as illustrated in Figure 9. The proposed framework introduces three key
modifications. First, a Cross-Stage Partial Fused Fourier-Conv Mixer (CSP-FFCM) module
is designed to enhance spatial–frequency feature representation and improve robustness
against illumination degradation and environmental interference. Second, a POTE is intro-
duced to replace the original AIFI module, enabling efficient global dependency modeling
with linear computational complexity while preserving directional feature sensitivity. Fi-
nally, a Matching-Aware Loss (MAL) is adopted to alleviate the mismatch between positive
and negative samples and improve the reliability of confidence estimation in challenging
underground environments.

Figure 9. Overall architecture of FP-DETR. “©” denotes the concatenation (Concat) operation in the
network architecture, “⊕” denotes element-wise addition (Add), and red bounding boxes indicate
the detected objects.

4.1. CSP-FFCM Module

Conventional convolutional backbones mainly extract features through local receptive
fields, which limits their ability to model long-range dependencies and global structural
information. In underground mining environments, severe illumination fluctuations, dust
interference, and low-contrast targets often weaken local texture cues, resulting in degraded
feature discrimination. To improve feature representation under these conditions, a Cross-
Stage Partial Fused Fourier-Conv Mixer (CSP-FFCM) module is introduced to jointly exploit
spatial-domain and frequency-domain information.

As shown in Figure 10, the CSP-FFCM module’s architecture draws inspiration from
the Cross Stage Partial (CSP) concept [35], leveraging the cross-fusion of shallow and
deep features to enhance the diversity of feature representation. Unlike the traditional
CSP module, we replaced the original Bottleneck structure with a novel Fused Fourier-
Conv Mixer (FFCM) operation. This module combines the global modeling capabilities of
the Fourier transform with the local perception characteristics of a convolutional neural
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network, enabling complementary modeling in both the frequency and spatial domains [36].
Previous research by Gao et al. has demonstrated the effectiveness of the FFCM in image
denoising, specifically for removing rain [37], which further supports its ability to extract
enhanced features through spatial–frequency domain convolution.

Figure 10. A schematic diagram of the traditional CSP structure and the proposed CSP-FFCM
structure with the introduction of the FFCM module. The arrows indicate the integration of the CSP
design philosophy with the FFCM module to construct the proposed CSP-FFCM structure.

As shown in Figure 11, FFCM is composed of several subcomponents. First, the
input features are expanded from dim to 2 × dim dimensions using a 1 × 1 convolution
for inter-channel information interaction. The features are then split along the channel
dimension and processed by a 3 × 3 depthwise convolution and a 5 × 5 depthwise
convolution, respectively. This process captures fundamental features like edges and
textures, and the multi-scale feature extraction helps maintain stable detection performance
under non-uniform lighting conditions. Following this, the module enters the Fourier
Unit frequency-domain processing branch, which transforms the feature map into the
frequency domain. Through specific frequency transformations and filtering, this branch
highlights crucial frequency components, such as those corresponding to the contours
of personnel, thereby enriching the feature hierarchy and semantic information. Finally,
the features from the convolutional branch and the frequency-domain branch are fused
using a weighted summation strategy, where the weight parameters are learned during
training. This approach dynamically balances the contribution of both feature types to
generate a more representative output feature map, providing a higher-quality foundation
for subsequent detection tasks.

The basic computational process of the FFCM can be described by the following
formula: First, the input features undergo channel expansion and grouped convolution to
extract local information.

Given an input feature tensor X ∈ RB×C×H×W , the proposed Fused Fourier Convo-
lution Mixer (FFCM) aims to jointly capture local spatial structures and global spectral
dependencies through a coupled spectral-spatial representation framework.
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Figure 11. Detailed Architecture Diagram of Fused Fourier Conv Mixer. The dashed line indi-
cates an enlarged detailed view of the corresponding module, and © denotes the concatenation
(Concat) operation.

First, the input feature is projected and decomposed into two complementary sub-
spaces for multi-scale local modeling:

Xl = [D3(ψ1(X)),D5(ψ2(X))] (1)

where ψi(·) denotes channel projection and splitting operations, while Dk(·) repre-
sents depthwise convolution with kernel size k × k. The operator [·, ·] denotes channel-
wise concatenation.

To model long-range interactions in the spectral domain, the aggregated local rep-
resentation is transformed into Fourier space and processed by a learnable spectral
response function:

X f = F−1(Φ(F (Xl))) + Xl (2)

where F (·) and F−1(·) denote the orthonormal real-valued Fourier transform and inverse
transform, respectively, and Φ(·) represents nonlinear spectral feature transformation.
The residual connection preserves low-frequency structural consistency and stabilizes
spectral reconstruction.

Subsequently, spatial–frequency coupled aggregation is performed via convolu-
tional refinement:

Z = H
(

X f

)
(3)

where H(·) denotes local convolutional feature aggregation.
To further enhance informative feature responses, channel-adaptive recalibration

is introduced:
A = σ(W2δ(W1GAP(Z))) (4)

where GAP(·) denotes global average pooling, δ(·) denotes nonlinear activation, and σ(·)
represents the sigmoid function.

Finally, the output of FFCM can be formulated as

Y = A ⊙ Z (5)
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where ⊙ denotes element-wise multiplication.
Compared with purely spatial convolutional operations, frequency-domain repre-

sentations are less sensitive to illumination fluctuations and local texture degradation.
Consequently, the proposed CSP-FFCM module enables the backbone network to better
preserve discriminative contour and structural information of underground personnel
under challenging conditions such as dust interference, low visibility, and pose variations.
Furthermore, the integration of spatial and frequency representations improves feature
diversity and enhances the robustness of subsequent detection stages.

4.2. POTE Module

The conventional RT-DETR model employs an Attention Information Fusion Inter-
action (AIFI) module, which excels in open-field scenarios but has notable limitations in
underground mine environments. Detecting personnel around an LHD in a mine presents
unique challenges, including non-uniform lighting, confined spaces, and complex back-
grounds. The AIFI module, based on a standard multi-head self-attention mechanism, has
a quadratic increase in computational complexity, represented as O

(
N2). More importantly,

it struggles to effectively capture the local spatial and directional features that are crucial in
these confined, complex settings. Furthermore, the traditional AIFI module is insufficient
for modeling low-contrast targets, partially occluded personnel, and dynamic lighting
changes that are common in underground scenes.

POLAR-DETR is a real-time end-to-end detection framework based on RT-DETR,
designed for dense occlusion, small objects, and complex scenes in Total Laboratory Au-
tomation (TLA) environments. By introducing polarized occlusion-aware hierarchical
feature encoding, multi-level hypergraph attention fusion, and Hessian-based pruning,
it achieves 70.0% AP at 68.4 FPS on the AMPL dataset, offering an efficient solution for
occluded object detection in industrial settings [38].

Personnel detection in underground environments requires a more precise perception
of directional features and local spatial relationships while maintaining computational
efficiency. Based on these considerations, we propose an improved module called POTE
to mitigate the shortcomings of the conventional AIFI module in RT-DETR, thereby en-
hancing personnel detection performance around underground LHD. The proposed POTE
module is adapted from the Polarity-aware Linear Attention mechanism introduced in
PolaFormer [39]. In this work, the module is integrated into the RT-DETR architecture to
replace the original Attention-based Intra-scale Feature Interaction (AIFI) module, thereby
improving computational efficiency and directional feature modeling capability for under-
ground personnel detection. As shown in Figure 12, the proposed POTE module primarily
consists of a Polarity-aware Linear Attention and a Feed Forward network.

Polarity-aware Linear Attention is the core of the POTE module, designed to enhance
the discriminative ability of feature selection while maintaining linear complexity. This
transformation better aligns with the spatial distribution of image features, which is par-
ticularly effective for detecting underground personnel by more accurately measuring
the correlations between different feature points. Next, linear transformations are used
to compress and map the transformed features. This reduces computational redundancy
and accelerates the generation of attention scores while retaining critical semantic and
spatial information. This process provides higher-quality attention weight guidance for
feature fusion.
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Figure 12. POTE Architecture Diagram.

As shown in Figure 13, unlike the standard self-attention mechanism, the Polarity-
aware Linear Attention mechanism enhances its non-linear representation capability by
decomposing the Query and Key vectors into their respective positive and negative polar-
ities. This mechanism can effectively capture direction-sensitive feature representations
while reducing computational complexity.

Figure 13. Detailed Diagram of Polarity-aware Linear Attention.

The mathematical expression for Polarity-aware Linear Attention is as follows: Given
an input feature sequence X ∈ RN×C, the polarity-aware linear attention first projects the
input features into query, key, value, and gating branches:

Q, G = XWqg, K, V = XWkv (6)

The input feature sequence is first linearly projected into query, key, value, and gating
representations. The gating branch is used for adaptive feature modulation in the final stage.
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To explicitly model heterogeneous semantic responses, polarity-aware decomposition is
introduced:

Q+ = ϕ
(
Q)p, Q− = ϕ

(
−Q)p, K+ = ϕ

(
K)p, K− = ϕ(−K)p (7)

where ϕ(·) denotes the ReLU activation function. The dynamic exponent parameter is
defined as p = 1 + α · σ(P), where P is a learnable parameter and α controls the modula-
tion strength.

Subsequently, two complementary query representations, namely similarity-aware
and opposition-aware branches, are constructed to capture both homogeneous and hetero-
geneous semantic interactions.

Qsin =
[
Q+, Q−], Qopp =

[
Q−, Q+

]
(8)

Instead of explicitly computing pairwise token correlations, the proposed method
reformulates the attention operation into associative matrix multiplications, thereby reduc-
ing the computational complexity from quadratic to linear complexity with respect to the
token number.

Xsim =
Qsim(KT

p V1)
QsimKp+ε

Xopp =
Qopp(KT

p V2)
QoppKp+ε

(9)

Finally, the similarity-aware and opposition-aware attention features are concatenated
and fused with the residual value branch. Finally, an adaptive gating mechanism is
employed to enhance informative responses while suppressing irrelevant activations.

Y =
([

Xsim, Xopp
]
+ V

)
⊙ G (10)

The POTE module proposed in this paper offers several advantages over the con-
ventional AIFI module for detecting personnel in underground environments. First, its
polarity-aware linear attention mechanism provides a direction-sensitive feature represen-
tation, which enhances the recognition of human posture and orientation in the complex
underground setting. Compared with conventional self-attention, the proposed formula-
tion avoids explicit pairwise token interaction computation and reduces the computational
complexity from O

(
N2) to O(N). The module also demonstrates enhanced local spatial

modeling by combining depthwise separable convolution with the attention mechanism,
which is crucial for detecting partially occluded personnel. Lastly, the introduction of a
dynamic power parameter enables dynamic feature enhancement, allowing the model
to adapt the intensity of feature transformations based on the input and, thereby, im-
proving the overall robustness of personnel detection under varying and challenging
lighting conditions.

4.3. MAL Function

In the task of underground personnel detection, the design of the loss function has
a crucial impact on detection performance. The original RT-DETR framework employs
Varifocal Loss (VFL), which, by coupling prediction confidence with true quality (e.g., IoU)
in a weighted manner, enhances the contribution of high-quality samples to a certain extent.
However, in complex underground scenarios, factors such as insufficient lighting, dust
interference, and target occlusion often result in many low-quality negative samples. This
can easily lead to a mismatch between positive and negative samples, thereby reducing
detection accuracy and increasing the FPR.
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In underground environments, the large number of easy negative samples often causes
unstable classification confidence and increases the FPR. Although Varifocal Loss (VFL)
emphasizes high-quality positive samples, it tends to suppress low-quality yet informative
samples, resulting in a mismatch between classification confidence and localization quality.
To address this issue, this paper replaces the VFL function with MAL, which effectively
mitigates the problem of positive-negative sample mismatch [40]. Compared with VFL,
MAL removes the balancing hyperparameter α and adopts a unified weighting strategy for
both foreground and background samples, thereby simplifying the optimization process
and improving training stability under severe foreground–background imbalance. The
VFL can be formulated as:

LVFL(p, q) =

{
−q[qlog(p) + (1 − q)log(1 − p)], q > 0
−αpγ log(1 − p), q = 0

(11)

where p denotes the predicted classification confidence, q represents the IoU score between
the predicted bounding box and the corresponding ground-truth box, α is the balancing
factor, and γ is the focusing parameter. For foreground samples (q > 0), the target label is
assigned as the IoU score q, while for background samples (q = 0), the target label is set
to zero.

To further enhance the consistency between classification confidence and localization
quality, MAL introduces an alignment-aware scoring mechanism by replacing the target
label q with qγ. This strategy reduces the excessive emphasis on high-quality samples
while enhancing the contribution of low-quality but informative samples. Accordingly, the
MAL is defined as:

LMAL(p, q, y) =

{
−qγ log(p)− (1 − qγ) log(1 − p), y = 1
−pγ log(1 − p), y = 0

(12)

where y ∈ 0, 1 denotes the sample category indicator. Compared with VFL, MAL removes
the balancing hyperparameter α and adopts a unified weighting strategy for positive and
negative samples, thereby simplifying the optimization process.

In this study, the focusing parameter γ of MAL is set to 1.5, and the IoU threshold
used for positive sample assignment is set to 0.7. These hyperparameter settings were
selected to improve the stability of confidence estimation while maintaining sufficient
sensitivity to difficult underground personnel samples. In summary, the proposed MAL
effectively alleviates the positive-negative sample mismatch problem in underground
personnel detection tasks.

5. Experiments and Results
5.1. Experimental Environment

To validate the performance of the proposed FP-DETR framework for underground
personnel detection, extensive experiments were conducted under a unified hardware and
software environment. The specific experimental system environment was a Windows
11 machine with an Intel(R) Core (TM) i9-14900KF CPU, an NVIDIA GeForce RTX5080
GPU, and 16 GB of RAM. The model was trained using Python 3.9, CUDA 12.8, and
PyTorch 2.7. For detailed information on the hyperparameter settings, please refer to
Table 3. These parameters were based on the configuration of the original RT-DETR model
and determined through empirical experimentation. For model evaluation, the confidence
threshold was set to 0.25 during inference. FP-DETR and RT-DETR were evaluated without
any additional NMS post-processing, preserving the end-to-end nature of DETR-based
detection. All experimental results were evaluated using the same inference settings to
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ensure fair comparison among different methods. The proposed method was trained and
evaluated using the underground personnel dataset described in Section 3.

Table 3. Model hyperparameter settings.

Configurations Values

Image size 640 × 640
Epochs 150

Batch Size 8
Optimizer AdamW

Learning Rate 1 × 10−4

Weight Decay 5 × 10−4

5.2. Evaluation Metrics

This paper utilized a variety of evaluation metrics to assess the improved model,
including the number of parameters (Params), giga floating-point operations (GFLOPs),
and average precision (AP). These metrics are widely used in the field of object detection to
evaluate both model accuracy and efficiency.

Params reflect the storage requirements of the model, while GFLOPs is used to quantify
its computational complexity. AP is widely considered a key indicator of performance for
object detection tasks. AP is measured by calculating the area under the precision-recall
curve, which provides insight into the overall detection accuracy of the model. The formula
for calculating AP is as follows:

Precision =
TP

TP + FP
(13)

Recall =
TP

TP + FN
(14)

AP =
∫ 1

0
Precision(r)dRecall(r) (15)

In this paper, the model’s performance was evaluated using the mAP metric, specifi-
cally at two different Intersection over Union (IoU) thresholds: mAP@0.5 and mAP@0.5:0.95.
The mAP@0.5 metric provides a measure of the mAP at a fixed IoU threshold of 0.5 and
is commonly utilized for a rapid assessment of performance. For a more comprehensive
evaluation, the mAP@0.5:0.95 metric was employed. This metric calculates the average
mAP across ten distinct IoU thresholds, ranging from 0.5 to 0.95 in increments of 0.05.
This approach facilitates a more robust evaluation of the model’s accuracy across varying
degrees of detection stringency. As the dataset utilized in this research contains only a
single class (miners), the resulting mAP and AP values are considered identical.

5.3. Results and Analysis

To validate the efficacy of our proposed algorithm, we conducted five experiments
aimed at assessing its performance in terms of detection accuracy and false positives. These
experiments are structured as follows: (1) Comparison among enhancement schemes of
different backbone networks; (2) Comparative analysis of various attention information
fusion and interaction modules; (3) Ablation studies to dissect the specific contributions
of each module and their synergistic effects; (4) Benchmarking the detection accuracy
of the proposed algorithm against mainstream approaches; and (5) Evaluation of the
algorithm’s false alarm rate and robustness in genuine underground environments. These
comprehensive experiments were designed to thoroughly assess the performance of our
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approach in complex scenarios, thereby substantiating the advantages introduced by
our improvements.

5.3.1. Comparison Using Different Backbone Networks

Figure 14 illustrates the evolution of mAP during training when RT-DETR is enhanced
with different backbone networks—namely, GlobalFilter, FasterFDConv, ConvNeXt, and the
proposed FFCM. As shown, all variants converge after approximately 120 training epochs.
Among them, the model equipped with our proposed FFCM module achieves the highest
performance in both mAP@0.5 and mAP@0.5:0.95. Notably, the margin of improvement
is particularly pronounced in mAP@0.5:0.95, outperforming the other backbone variants.
This result demonstrates that FFCM possesses better feature extraction capability under the
challenging conditions of underground environments, where complex lighting, occlusions,
and texture variations are prevalent.

(a) 

(b)

Figure 14. Evolution of mAP metrics on the validation set for different backbone networks over
training epochs. (a) mAP@0.5 of different backbone networks on the validation set; (b) mAP@0.5:0.95
of different backbone networks on the validation set. The grey shaded region marks the area enlarged
in the right panel, and the arrows indicate the corresponding detailed view shown on the right.

Figure 15 shows the precision–recall curves of the four RT-DETR variants, all of which
stabilize after approximately 100 training epochs with no significant post-convergence
divergence. Among them, ConvNeXt exhibits higher precision fluctuations and consistently
lower accuracy than both the baseline and other variants. The proposed FFCM achieves
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precision comparable to FasterFDConv—among the highest observed—while its recall
is only slightly lower than that of GlobalFilter, indicating a favorable balance between
minimizing false positives and maintaining detection coverage, particularly advantageous
in safety-sensitive underground environments.

(a) 

(b)

Figure 15. Evolution of precision (P) and recall (R) on the validation set for different backbone
networks over training epochs. (a) Precision of different backbone networks on the validation set;
(b) Recall of different backbone networks on the validation set. The grey shaded region marks the
area enlarged in the right panel, and the arrows indicate the corresponding detailed view shown on
the right.

As shown in Table 4, the proposed FFCM module achieves the highest mAP@0.5 (0.865)
and mAP@0.5:0.95 (0.521) among all variants while maintaining a comparable model size
(15.6 M parameters) and computational cost (50.4 GFLOPs). Although GlobalFilter and
FasterFDConv offer marginal gains in mAP@0.5, they lag behind FFCM—particularly in
the more rigorous mAP@0.5:0.95 metric. The improved performance of FFCM is attributed
to its Fourier-based feature representation, which enhances robustness to low-light, noise,
and texture ambiguity in underground environments. This demonstrates the performance
of frequency-domain modeling for complex-scene object detection, leading to FFCM’s
selection as the backbone in our final framework.
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Table 4. Comparison of detection results using different backbone networks.

Method Params (M) GFLOPs mAP0.5 mAP0.5:0.95 P R

RT-DETR 20.0 57.3 0.857 0.515 0.886 0.785
+GlobalFilte 12.4 33.2 0.861 0.517 0.910 0.787

+FasterFDConv 13.3 44.2 0.864 0.513 0.911 0.784
+ConvNeXt 16.9 46.8 0.859 0.515 0.884 0.777

+FFCM 15.6 50.4 0.865 0.521 0.899 0.779

5.3.2. Comparison Among Different Attention Modules

Figure 16 illustrates the evolution of mAP during training when RT-DETR is enhanced
with different attention-based feature fusion and interaction modules—namely, DHSA,
DPB, CAB, and the proposed POTE. All variants exhibit convergence behavior after ap-
proximately 80 training epochs. In terms of mAP@0.5, all four modules yield comparable
improvements over the baseline, with marginal performance differences among them.
However, under the more stringent mAP@0.5:0.95 metric, notable distinctions emerge:
DHSA and CAB achieve similar levels of performance, while the proposed POTE module
consistently attains the highest mAP@0.5:0.95, demonstrating its improved capability in
enabling precise object localization across a range of IoU thresholds. This highlights the
performance of the POTE design in facilitating more discriminative and robust feature
interactions for accurate detection in complex scenarios.

(a) 

(b)

Figure 16. Evolution of mAP metrics on the validation set for different attention modules over
training epochs. (a) mAP@0.5 of different attention modules on the validation set; (b) mAP@0.5:0.95
of different attention modules on the validation set. The grey shaded region marks the area enlarged
in the right panel, and the arrows indicate the corresponding detailed view shown on the right.
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Figure 17 illustrates the precision–recall curves of RT-DETR enhanced with different
attention modules (DHSA, DPB, CAB, and the proposed POTE). All methods stabilize
after approximately 100 epochs with no significant post-convergence trend differences.
DHSA and DPB exhibit larger precision fluctuations and lower accuracy compared to
POTE. Although DHSA achieves a higher recall peak around 130 epochs, it subsequently
declines, whereas POTE shows a steadier recall performance with minor fluctuations and
an overall upward trend before stabilizing. This indicates that POTE not only improves
precision but also ensures more reliable and stable recall, making it well-suited for complex
detection tasks.

(a) 

(b) 

Figure 17. Evolution of precision (P) and recall (R) on the validation set for different attention
modules over training epochs. (a) Precision of different attention modules on the validation set;
(b) Recall of different attention modules on the validation set. The grey shaded region marks the
area enlarged in the right panel, and the arrows indicate the corresponding detailed view shown on
the right.

As shown in Table 5, while DHSA, DPB, and CAB yield modest improvements in
mAP@0.5 over the baseline RT-DETR, the proposed POTE module achieves the highest
performance on the more comprehensive metric mAP@0.5:0.95 (0.524), representing a
+0.9 percentage point gain relative to the baseline (0.515)—the largest among all variants—
without incurring additional computational overhead (20.1 M parameters, 57.6 GFLOPs).
This indicates that POTE enhances detection robustness across a range of IoU thresholds by
more effectively integrating intra- and inter-layer features, thereby preserving both precise
localization cues and rich semantic information. Despite comparable model complexity,
POTE consistently demonstrates better performance in mAP@0.5:0.95, highlighting its
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architectural efficiency and ability to enhance feature interaction fidelity in complex real-
world scenarios.

Table 5. Comparison of detection results using different attention interaction modules.

Method Params (M) GFLOPs mAP0.5 mAP0.5:0.95 P R

RT-DETR 20.0 57.3 0.857 0.515 0.886 0.785
+DHSA 20.1 57.6 0.865 0.520 0.883 0.791
+DPB 19.9 57.5 0.861 0.521 0.900 0.784
+CAB 20.1 61.4 0.863 0.520 0.902 0.782

+POTE 20.1 57.6 0.862 0.524 0.898 0.781

5.3.3. Ablation Experiments

To investigate the performance and contribution of each innovative module in the
proposed FP-DETR algorithm for detecting personnel around underground LHDs, we
conducted a series of ablation experiments. This was done by comparing the performance of
different model configurations across various evaluation metrics. Specifically, we assessed
the impact of the CSP-FFCM module, the improved POTE module, and the introduction
of the MAL function on the model’s detection performance and further analyzed the
synergistic effect when all three modules were combined.

The experiments were conducted on a unified training dataset composed of the RTTS
dataset and a self-collected dataset to ensure consistency across all model variants. All
models were trained under identical conditions, including the same training strategy, hy-
perparameter settings, and hardware environment, to guarantee fairness and comparability.
To assess the stability and reproducibility of the proposed method, each experiment was
repeated three times using different random seeds (666, 777, and 888), and the mean and
standard deviation of all evaluation metrics were reported. The evaluation metrics included
accuracy, recall, mAP at IoU thresholds of 0.5 and 0.5:0.95, GFLOPs, and the number of
parameters (Params).

To comprehensively evaluate the robustness and domain adaptability of the pro-
posed FP-DETR, three validation settings were designed: (1) validation on the self-
collected dataset only, (2) validation on the RTTS-only dataset, and (3) validation on a
merged-domain dataset combining both RTTS and self-collected samples. These settings
enable a systematic assessment of model performance under single-domain and cross-
domain conditions.

In our ablation experiments, we constructed the following model variants
for comparison:

Model 1 (Baseline): The original RT-DETR-r18 model without any of the
proposed improvements.

Model 2 (+FFCM): The Baseline model with the FFCM module incorporated to build a
new backbone, replacing the original ResNet-18 backbone.

Model 3 (+POTE): The Baseline model with the improved POTE module replacing the
multi-head self-attention mechanism in the original AIFI module.

Model 4 (+MAL): The Baseline model with the MAL function replacing the
original VFL.

Model 5 (+FFCM + POTE + MAL): The complete FP-DETR model, which includes the
CSP-FFCM module, the improved POTE module, and the MAL function.

The experimental results, shown in Table 6, demonstrate that each modification con-
tributes differently to improving the model’s detection performance.
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Table 6. Performance Comparison of Different Model Variants on underground-only validation set.

Model CSP-
FFCM POTE MAL Params

(M) GFLOPs P/% R/% mAP@
0.5/%

mAP
@0.5:0.95/%

Baseline - - - 20.0 57.3 90.1
(±0.14)

84.3
(±0.11)

87.0
(±0.17)

55.1
(±0.08)

Baseline +
FFCM

√
- - 15.6 50.4 90.2

(±0.12)
86.4

(±0.09)
87.8

(±0.21)
55.8

(±0.16)
Baseline + POTE -

√
- 20.1 57.6 91.3

(±0.11)
88.4

(±0.18)
88.3

(±0.15)
57.7

(±0.11)
Baseline + MAL - -

√
20.0 57.3 90.4

(±0.08)
87.2

(±0.13)
87.7

(±0.24)
56.3

(±0.12)
Baseline +FFCM

+POTE
+MAL

√ √ √
15.8 51.2 91.5

(±0.12)
88.7

(±0.10)
88.5

(±0.18)
58.6

(±0.15)

Note: “-” indicates that the corresponding module is not used, while “
√

” indicates that the corresponding module
is included in the model variant.

The experimental results presented in Table 6 demonstrate that each proposed com-
ponent contributes differently to improving the detection performance of RT-DETR for
underground personnel detection on the underground-only validation set.

The CSP-FFCM module improves the feature extraction capability of the backbone
network while significantly reducing model complexity. Compared with the baseline RT-
DETR model, the introduction of CSP-FFCM increases the mAP@0.5 from 87.0% (±0.17)
to 87.8% (±0.21), while reducing the number of parameters from 20.0 M to 15.6 M and
decreasing GFLOPs from 57.3 to 50.4. In addition, the recall improves from 84.3% (±0.11)
to 86.4% (±0.09), demonstrating that the reconstructed backbone enhances feature extrac-
tion capability for underground personnel while maintaining lightweight characteristics.
The relatively small standard deviation further indicates that the reconstructed backbone
provides stable detection performance under different random initializations.

After replacing the original AIFI module with the POTE module, the model achieves
consistent improvements in both mAP@0.5 and mAP@0.5:0.95, reaching 88.3% (±0.15) and
57.7% (±0.11), respectively. Meanwhile, precision and recall increase to 91.3% (±0.11) and
88.4% (±0.18), respectively. These results demonstrate that the polarity-aware linear atten-
tion mechanism improves global feature interaction and enhances feature representation
capability for underground personnel under low-illumination and occlusion conditions.

When the MAL function is introduced, the model achieves an mAP@0.5 of 87.7%
(±0.24) and an mAP@0.5:0.95 of 56.3% (±0.12), showing improved confidence–quality
alignment and better optimization stability compared with the baseline model. In addi-
tion, the recall increases from 84.3% (±0.11) to 87.2% (±0.13), indicating that the MAL
effectively alleviates the imbalance between foreground and background samples in un-
derground environments. Since the MAL module does not introduce additional parame-
ters or computational complexity, it improves detection performance without increasing
model burden.

By integrating CSP-FFCM, POTE, and MAL simultaneously, the proposed FP-DETR
achieves the best overall performance, reaching 88.5% (±0.18) mAP@0.5 and 58.6% (±0.15)
mAP@0.5:0.95. Meanwhile, precision and recall further improve to 91.5% (±0.12) and 88.7%
(±0.10), respectively. Notably, the parameter count and computational complexity remain
lower than those of the baseline RT-DETR-r18 model, with only 15.8 M parameters and
51.2 GFLOPs. The relatively small experimental variance demonstrates that the proposed
framework achieves stable and consistent performance improvements across different
training runs.

The experimental results presented in Table 7 further evaluate the robustness and
cross-domain generalization capability of the proposed FP-DETR on the RTTS-only dataset
and the merged-domain validation set.
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Table 7. Performance Comparison of Different Model Variants on RTTS-only dataset and merged-
domain validation set.

Model
RTTS-Only Dataset Merged-Domain Validation Set

mAP@
0.5/%

mAP
@0.5:0.95/%

mAP@
0.5/%

mAP
@0.5:0.95/%

Baseline 80.8 (±0.12) 50.1 (±0.10) 85.7 (±0.15) 51.5 (±0.11)
Baseline + FFCM 80.3 (±0.10) 51.4 (±0.17) 86.5 (±0.11) 52.1 (±0.13)
Baseline + POTE 81.8 (±0.08) 51.7 (±0.15) 86.2 (±0.13) 52.4 (±0.10)
Baseline + MAL 81.1 (±0.15) 51.4 (±0.08) 86.7 (±0.17) 51.7 (±0.12)

Baseline
+FFCM
+POTE
+MAL

82.4 (±0.14) 52.4 (±0.12) 87.3 (±0.22) 52.5 (±0.12)

On the RTTS-only dataset, the proposed FP-DETR achieves the best overall perfor-
mance, reaching 82.4% (±0.14) mAP@0.5 and 52.4% (±0.12) mAP@0.5:0.95, outperforming
the baseline RT-DETR model by 1.6% and 2.3%, respectively. Although RTTS is not an
underground mining dataset, it contains severe haze and degraded visibility conditions,
which can effectively evaluate the robustness of the proposed method under adverse visual
environments. The experimental results demonstrate that the POTE module contributes
significantly to improving feature interaction and contextual representation under low-
visibility conditions, while the MAL further enhances optimization stability and detection
robustness. Although the CSP-FFCM module slightly decreases mAP@0.5 on the RTTS-
only dataset, it improves mAP@0.5:0.95 from 50.1% (±0.10) to 51.4% (±0.17), indicating
improved localization capability under complex visibility conditions.

On the merged-domain validation set, all proposed modules consistently improve
detection performance compared with the baseline model. The complete FP-DETR achieves
87.3% (±0.22) mAP@0.5 and 52.5% (±0.12) mAP@0.5:0.95, demonstrating improved adapt-
ability when simultaneously facing underground scenes and real-world hazy environments.
In particular, the MAL module improves confidence–quality alignment, while the POTE
module effectively enhances global feature interaction across different visual domains.
These results demonstrate that the proposed FP-DETR maintains stable detection perfor-
mance under diverse and cross-domain scenarios.

By integrating these three components, the proposed FP-DETR consistently achieves
the best overall performance across different validation settings, confirming the complemen-
tary and synergistic advantages of the proposed improvements for underground personnel
detection in complex environments.

Figure 18 compares the performance of five model variants—RT-DETR, +FFCM,
+POTE, +MAL, and FP-DETR—showing that the full model achieves the highest pre-
cision, recall, and mAP while significantly reducing parameters. The FFCM backbone
improves recall and efficiency, the POTE module notably boosts mAP, and the MAL further
enhances detection accuracy. Ablation studies confirm that these three components pro-
vide complementary and synergistic improvements, underscoring their essential roles in
optimizing RT-DETR for complex detection scenarios.
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Figure 18. Comparison of Model Performance and Parameter Count with Different Modules.

As illustrated in Figure 19, the normalized bar chart further compares the performance
of different model variants in terms of Precision, Recall, Params, GFLOPs, mAP@0.5, and
mAP@0.5:0.95. Compared with the baseline RT-DETR, the CSP-FFCM module improves
recall while reducing model complexity, demonstrating its effectiveness in lightweight fea-
ture extraction. The POTE module significantly enhances mAP performance by improving
global feature interaction and directional perception. Furthermore, the MAL improves pre-
cision and detection stability by alleviating the mismatch between classification confidence
and localization quality. By integrating these three components, the proposed FP-DETR
achieves the best overall balance between detection accuracy and computational efficiency,
confirming the complementary advantages of each module.

Figure 19. Bar chart comparing model performance and number of parameters after normalization
for different modules.

In summary, the ablation experiments validate that the proposed FFCM module, the
improved POTE module, and the MAL function each play a crucial role in improving
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the model’s performance. Their combined effect provides consistent evidence for these
improvements in optimizing the RT-DETR model.

5.3.4. Effect of RTTS-Assisted Training

To further evaluate the performance of RTTS-assisted training for underground per-
sonnel detection, we conducted comparative experiments with and without the RTTS
dataset under the same training settings. The experimental results are presented in Table 8.

Table 8. Effect of RTTS-assisted Training on Underground Detection Performance.

Model

With RTTS Without RTTS

mAP@
0.5/%

mAP
@0.5:0.95/%

mAP@
0.5/%

mAP
@0.5:0.95/%

Baseline 87.0 (±0.17) 55.1 (±0.07) 85.8 (±0.24) 53.4 (±0.18)
Baseline + FFCM 87.8 (±0.14) 55.8 (±0.11) 86.3 (±0.16) 54.1 (±0.09)
Baseline + POTE 88.3 (±0.09) 57.7 (±0.18) 86.9 (±0.14) 55.6 (±0.11)
Baseline + MAL 87.7 (±0.12) 57.3 (±0.13) 86.5 (±0.15) 55.0 (±0.19)

Baseline
+FFCM
+POTE
+MAL

88.5 (±0.16) 58.6 (±0.13) 87.2 (±0.11) 56.7 (±0.10)

The results show that incorporating the RTTS dataset consistently improves the de-
tection performance of all model variants on the underground-only validation set. Com-
pared with training without RTTS, the proposed FP-DETR achieves an improvement from
87.2% to 88.5% in mAP@0.5 and from 56.7% to 58.6% in mAP@0.5:0.95 after introducing
RTTS-assisted training. These results indicate that the RTTS dataset provides beneficial
degraded-visibility features and enhances the robustness and generalization capability of
the proposed method under complex underground environments. Meanwhile, the pro-
posed FP-DETR still maintains strong detection performance even without RTTS training,
demonstrating that the performance improvements mainly originate from the proposed
network design rather than reliance on external datasets.

5.3.5. Comparative Experiments

To validate the performance and superiority of the proposed FP-DETR algorithm
for detecting personnel around underground LHDs, we meticulously designed a series
of comparative experiments. We selected several advanced and distinct object detection
models to compare their performance with our improved algorithm. All compared methods
were trained under identical settings, including input resolution, training epochs, and data
augmentation strategies. In addition, none of the models used pretrained weights, ensuring
a fair comparison under the same training conditions. The specific models chosen for
comparison are as follows.

The two-stage detection algorithm, Faster R-CNN, offers high accuracy, making it
suitable for scenarios with extremely high precision requirements. However, its slow speed
makes it unsuitable for the real-time demands of an underground environment. In contrast,
the one-stage detection algorithm, TOOD, is fast and can promptly handle dynamically
changing underground scenes, though its large number of model parameters and high
computational load make it difficult to deploy. Additionally, the widely applied YOLOv8m,
YOLO11m and YOLOX models from the YOLO series can complete detection in a short time,
meeting the need for rapid detection of personnel around underground LHDs (Load–Haul–
Dump machines), but their detection capability in complex underground environments still
has room for improvement. The Transformer-based Deformable-DETR and the benchmark
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model RT-DETR-r18 are effective at capturing global features, giving them an advantage
when dealing with complex scenes, but their robustness in such scenarios needs further
enhancement. To ensure fairness and comparability, all experiments were conducted using
the same dataset and hardware environment. The comparative results are shown in Table 9.

Table 9. Performance Comparison on Underground-only Validation Set.

Method Params (M) GFLOPs mAP@0.5/% mAP@0.5:0.95/%

Faster R-CNN 41.4 207 86.3 (±0.08) 54.8 (±0.06)
TOOD 32.2 198 86.9 (±0.17) 56.1 (±0.13)

Deformable-DETR 40.1 195 86.7 (±0.22) 54.4 (±0.15)
RT-DETR-r18 20.0 57.3 87.0 (±0.17) 55.1 (±0.08)

YOLOX 5.0 7.57 85.1 (±0.19) 54.2 (±0.14)
YOLO11m 20.1 68 86.4 (±0.21) 56.0 (±0.11)
YOLOv8m 25.9 78.9 86.9 (±0.18) 56.7 (±0.14)
FP-DETR 15.8 51.2 88.5 (±0.20) 58.6 (±0.13)

The experimental results presented in Table 9 demonstrate that the proposed FP-DETR
achieves the best overall detection performance among all compared methods on the
underground-only validation set. Specifically, FP-DETR achieves an mAP@0.5 of 88.5%
(±0.20) and an mAP@0.5:0.95 of 58.6% (±0.13), outperforming the baseline RT-DETR-r18
model, which achieves 87.0% (±0.17) and 55.1% (±0.08), respectively.

Compared with representative CNN-based detectors such as Faster R-CNN, TOOD,
YOLOX, YOLO11m, and YOLOv8m, the proposed FP-DETR achieves improved detec-
tion accuracy while maintaining relatively low model complexity. FP-DETR surpasses
YOLOv8m by 1.6% in mAP@0.5 and 1.9% in mAP@0.5:0.95, while requiring fewer parame-
ters and lower computational cost. Compared with Transformer-based methods such as
Deformable-DETR and RT-DETR-r18, the proposed method further improves localization
accuracy and robustness under complex underground environments.

Meanwhile, the proposed FP-DETR requires only 15.8 M parameters and 51.2 GFLOPs,
representing approximately a 21% reduction in parameters and lower computational com-
plexity compared with the original RT-DETR-r18 model. Although lightweight detectors
such as YOLOX exhibit lower computational complexity, their detection accuracy remains
inferior to the proposed method.

Overall, the experimental results demonstrate that FP-DETR achieves a better balance
between detection accuracy, computational efficiency, and model complexity, demonstrat-
ing promising potential for underground personnel detection, although broader field
validation remains necessary.

As shown in Figure 20, the proposed FP-DETR model demonstrates better perfor-
mance across multiple key metrics, outperforming state-of-the-art detection architectures
such as YOLOX, YOLOv8m, YOLO11m, RT-DETR-r18, Deformable-DETR, TOOD, and
Faster R-CNN. Specifically, the proposed method achieves the highest mAP@0.5 and
mAP@0.5:0.95, indicating its reliable accuracy in object detection under both moderate and
stringent IoU thresholds. This outstanding precision detection is attributed to the model’s
optimized architectural design, which moderately enhances feature representation and
localization capability.
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Figure 20. Normalized overall metrics compared with mainstream models.

In summary, these results suggest that FP-DETR is a promising approach for under-
ground personnel detection. These results underscore the performance of the proposed
architecture in balancing performance and scalability, positioning it as a promising ad-
vancement in real-time detection systems.

To visually evaluate the performance of our proposed FP-DETR model against the base-
line RT-DETR and YOLO11m models, we conducted a comparative analysis using image
detection visualizations. As shown in Figure 21, a clear contrast is presented, with each set
of images displaying the original image, followed by the detection results from YOLO11m,
RT-DETR, and FP-DETR, respectively., in bright scenes, while YOLO11m has no obvious
false positives, its detection results are often inaccurate, with issues of duplicate detections
and low confidence. The RT-DETR model, on the other hand, shows clear instances of false
positive detections. Our improved model achieves higher detection confidence and does
not produce false positives. In dusty environments with strong background interference
and high image blurriness, which demand high algorithm robustness, both YOLO11m and
RT-DETR-r18 exhibit missed detections. Our proposed model, however, does not miss any
targets in these scenes, accurately separating them from interference and demonstrating
strong ant-interference capabilities. For low-light conditions, where images are obscured
by darkness and dominated by noise, YOLO11m and RT-DETR-r18 often suffer from du-
plicate detections and false positives due to insufficient feature extraction. Our model, by
introducing the CSP-FFCM module, moderately enhances feature representation in crucial
areas and shows good robustness in such low-light tests. Finally, in occlusion scenes, where
targets are partially blocked and structural information is incomplete, YOLO11m and
RT-DETR-r18 show a significant drop in accuracy and produce duplicate detections. Our
proposed model, by incorporating a context completion mechanism and an extreme-point-
aware attention fusion strategy, moderately recovers discriminative features in occluded
regions. It maintains high detection accuracy, outperforming existing comparative models
and demonstrating an excellent ability to model target integrity.
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Figure 21. Visual Comparison of Detection Results for Different Models. (a) Bright scene; (b) Dusty
scene; (c) Low-light scene; (d) Occluded scene.

As shown in Figure 22, a heatmap visualization analysis of different models’ detection
results was conducted to clearly demonstrate the learning capability of our improved
model. The images reveal that YOLO11m and RT-DETR frequently learn incorrect informa-
tion in underground environments, leading to missed and false detections. In contrast, our
proposed method can accurately learn human-specific information, creating a much clearer
distinction from the background and making its detection performance more suitable for
underground settings. In bright scenes, our model accurately focuses on targets in corners,
and the generated attention regions are more compact and defined, with a better response
to target edges than the comparison models. In dusty scenes, where heavy visual blur and
granular noise pose a challenge, our model’s heatmap distribution is clearly concentrated
on the target area and highly consistent with the actual boundaries, while the comparison
models show missed detections in the noisy regions. For low-light conditions, where
traditional methods often exhibit sparse heatmap distributions and unstable attention
areas leading to false positives, our model maintains a high target response intensity and
accurately locates human regions, demonstrating stronger illumination invariance and
feature representation ability. In occlusion scenarios, where traditional methods often fail
to produce a continuous response due to partial blocking, our method, by introducing a
context modeling and region completion mechanism, maintains a high response proba-
bility in occluded areas. This allows it to successfully identify partially blocked human
silhouettes, showcasing improved perceptual integrity. The combined results from these
typical underground environments indicate that the proposed FP-DETR achieves more
stable detection performance than the compared methods under complex scenarios, while
maintaining relatively higher detection accuracy and a lower FPR. These results suggest
that the proposed method has good adaptability and robustness for practical underground
deployment conditions.
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Figure 22. Comparison of Detection Heatmaps for Different Models. (a) Bright scene; (b) Dusty scene;
(c) Low-light scene; (d) Occluded scene. The red boxes in the image indicate the people detected.

5.3.6. Field Experiment

The comparison experiments presented in the previous section demonstrate that the
proposed FP-DETR improves detection accuracy while reducing computational complexity.
To further evaluate false alarm behavior in practical underground environments, a one-day
field experiment was conducted at the Magang Luohe Iron Mine in Hefei City, Anhui
Province, using both the baseline RT-DETR-r18 and the proposed FP-DETR models. A
main tunnel along a typical LHD operating route was selected for testing, and the models
were evaluated using the frame-level FPR.

For quantitative evaluation experiments in previous sections, the confidence threshold
was set to 0.25 to maintain consistency with standard model comparison settings. In
contrast, for field experiments and visualization analysis, the confidence threshold was
set to 0.3 to suppress unstable low-confidence detections and better reflect the practical
deployment requirements of underground safety monitoring systems. All models used the
same confidence threshold during field testing to ensure fair comparison.

In this study, FPR is defined as the proportion of frames incorrectly predicted as con-
taining personnel among all frames without human presence. Specifically, the same video
frames were processed by different models, and the number of false positive detections
was statistically analyzed. A lower FPR indicates better robustness against false alarms in
practical deployment scenarios. The FPR is calculated as follows:

FPR =
FP

FP + TN
(16)

To ensure the validity and practical feasibility of the on-site experiment, it was divided
into two phases: 1:1 simulation verification and on-vehicle installation. First, camera place-
ment and angle optimization were performed on a 3D simulation model that meticulously
replicated the structural parameters and operational environment of the LHD. This process
involved iterative adjustments to maximize monitoring coverage in the front, rear, and side
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directions while minimizing blind spots. The simulation phase was used to preliminarily
verify the field-of-view overlap and the suitability of the camera-to-camera perspective
configuration for a multi-view fusion strategy.

As shown in Figure 23, a total of five OAK-D depth vision cameras were installed
on the LHD in a surround-view configuration. Two cameras were placed at the front
of the LHD (installed at a height of approximately 2.4 m, symmetrically distributed to
achieve a forward overlapping field of view), one was installed on each side (at a height
of approximately 2.6 m to cover the lateral safety zones during LHD operation), and one
was installed at the rear (at a height of approximately 1.5 m, specifically to cover the rear
blind spot). Each camera captured video at a resolution of 1280 × 720 and a frame rate of
30 fps. The video streams were transmitted in real time via a wired channel to a T930G edge
computing device (TWOWIN Technology, Shenzhen, China) installed on the LHD body.
This device, equipped with an NVIDIA Jetson AGX Orin embedded GPU, was responsible
for the parallel reception, preprocessing, and online inference of the multiple video streams.
The edge device simultaneously deployed and ran both the baseline RT-DETR model
trained in the lab and the proposed FP-DETR detection algorithm for real-time comparative
evaluation and on-site verification. A unified timestamp and frame sequence management
ensured the temporal consistency and fusion availability of the multi-camera detection
results, thereby supporting real-time alerts, log recording, and subsequent multi-view
fusion processing.

Figure 23. Schematic diagram of cameras mounted on an LHD in a simulated environment.

As shown in Figure 24, after determining the installation plan through simulation
optimization, the system was physically installed on the actual LHD at the height and
angle designed in the simulation. This approach prevented equipment obstruction while
also meeting monitoring requirements in the actual working environment. A custom
mechanical bracket was used to securely mount the camera to a predetermined position on
the LHD body. The bracket was designed for easy angle adjustment and future maintenance.
Industrial-grade, abrasion-resistant shielded cables were neatly routed along the LHD
body, and all interfaces were protected to withstand the humid, dusty, and vibrating
conditions underground.
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(a) (b) (c)

Figure 24. Actual Camera Installation Locations On site. (a) Front; (b) Side; (c) Behind.

To improve equipment durability and measurement stability, the camera housing
and mounting positions were equipped with dustproof, waterproof, and shock-absorption
measures. Additionally, stress relief and protective treatments were applied at critical
connection points to reduce vibration-related failure rates. The power and data links
use industrial-standard power supplies and connectors to ensure long-term operational
reliability. Live operational results show that this installation and deployment solution
not only satisfies engineering constraints but also supports the practical validation of the
proposed FP-DETR algorithm in real-world underground environments. All collected
data were processed in real time on edge devices to compare the detection performance
of the baseline RT-DETR-r18 and the proposed FP-DETR. The field test results show that
FP-DETR achieves improved detection accuracy and a lower FPR under practical under-
ground conditions. These results further demonstrate the performance and feasibility of the
proposed engineering pipeline, including model optimization, edge-device deployment,
and LHD-based field installation.

According to the results of the previous sections, the proposed FP-DETR demonstrates
improved detection performance while maintaining reduced model complexity, and both
mAP@0.5 and mAP@0.5:0.95 outperform the improved baseline. To analyze false alarm
behavior, we additionally evaluate the frame-level FPR under scenarios without human
presence, focusing specifically on no-person false alarm conditions. Here, FPR is defined as
the proportion of frames incorrectly identified as containing personnel among all evaluated
frames. A total of 17,648 frames were collected in the field test, and detection results were
manually reviewed and annotated to compute the false alarms.

As shown in Table 10, RT-DETR-r18 produced 725 false alarms, corresponding to an
FPR of 4.1%, while FP-DETR reduced the number of false alarms to 600, achieving an FPR
of 3.4%, representing a relative reduction of approximately 17.1%. The FPS values reported
in Table 10 are measured on a single-camera video stream deployed on an edge device,
where FP-DETR achieves 65 FPS (approximately 15.4 ms per frame inference time). During
deployment, the five camera streams were processed asynchronously on the edge device.
The reported FPS corresponds to the average inference throughput per camera stream.
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Considering the full pipeline including frame acquisition, preprocessing, inference, and
alarm triggering, the estimated end-to-end latency is approximately 30–50 ms.

Table 10. Comparison of False Alarm Rate and Single-camera Inference Speed.

Model Total Frames False Alarms FPR FPS

YOLOv8m 17,648 782 4.4% 78
YOLO11m 17,648 882 5.0% 68

RT-DETR-r18 17,648 725 4.1% 42
FP-DETR 17,648 600 3.4% 65

It should be noted that the current field test is limited in scope, as it only evaluates
no-person scenarios and focuses on false positive behavior. Due to the lack of personnel-
present field testing, metrics such as true positives, false negatives, precision, recall, F1
score, detection delay, and missed-detection cases are not included in this study. Therefore,
comprehensive safety performance under fully operational underground conditions cannot
be fully established based on the current experiments.

Overall, the field experiment results suggest that FP-DETR can reduce false alarms
while maintaining real-time performance under the tested conditions. However, its effec-
tiveness for safety-critical deployment in underground mining environments should be
interpreted cautiously, and further evaluation in scenarios involving both presence and
absence of personnel is required to fully validate its practical reliability.

We recorded the detection results of the LHD (Load–Haul–Dump machine) during
the field experiments and compared the detection result videos with annotations from
manual on-site video samples. As shown in Figure 25, we selected several classic false
alarm scenarios. The alarm mounted on the wall exhibits visual features like those of a
safety helmet, causing both the baseline model and the improved model to mistakenly
identify it as a person. However, you can see that even when the improved model made
a false alarm, its confidence score was lower than that of the baseline model. In dynamic
and complex scenarios, the baseline model had false detections when dealing with motion
blur and complex lighting, whereas our improved model did not. These results demon-
strate the improved stability of the proposed model in dynamic and complex underground
environments. Regarding highly reflective objects, the baseline model often makes in-
correct predictions when faced with glowing or reflective scenarios. This suggests that
the model may struggle to distinguish subtle features during training, leading it to learn
incorrect information. Our improved model, however, did not have any false alarms in
these situations.

As shown in Figure 26, we conducted a heatmap comparison analysis for typical false
detection scenarios in underground monitoring tasks. The figure shows that the baseline
model’s attention distribution is clearly skewed when faced with complex backgrounds. It
tends to incorrectly focus on distracting objects that look like people, such as pipes on un-
derground equipment, alarms mounted on mine walls, or shadows created by lighting. This
unstable feature-focusing mechanism leads to a high false detection rate, which severely
impacts the model’s reliability in real-world applications. In contrast, our improved model
demonstrates a more rational and concentrated attention distribution under the same
conditions. Specifically, it has a stronger ability to distinguish between similar textures and
distracting elements in the background. The heatmap results indicate that the improved
model not only enhances its sensitivity to target features but also suppresses interference
from irrelevant information, moderately reducing false alarms. Furthermore, the overall
comparison shows that the improved model has higher stability and generalization in its
feature extraction and discrimination capabilities. This advantage allows it to maintain
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high stability even in extreme environments with low light and complex backgrounds.
In summary, the heatmap analysis verifies that the improvements in the model’s feature
learning mechanism are effective, providing more robust performance than the baseline.
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Figure 25. Visualization Examples of False Detection Results from On-Site Comparative Experiments.
(a) Scene like hard hats; (b) Dynamic and complex scene; (c) High-brightness scene.
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Figure 26. Detailed Heatmaps of False Detections in Different On-Site Experimental Scenarios.
(a) Scene like hard hats. (b) Dynamic and complex scene; (c) High-brightness scene. The red area
represents the area where attention is focused.

5.4. Discussion

This dataset presents several significant challenges for underground personnel de-
tection. Personnel far from the mining equipment occupy only a small number of pixels,
making accurate detection difficult. Occlusion caused by camera installation location and
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mining equipment can further increase the false negative rate. Furthermore, miners’ uni-
forms often have light textures and low contrast with the tunnel background, especially
in dusty environments, causing personnel to blend into their surroundings. Uneven light-
ing, poor visibility, and low color contrast in underground tunnels also negatively impact
detection robustness. Variations in camera resolution, installation location, and shooting
angle also affect the sharpness and spatial distribution of personnel in images, leading to
performance fluctuations across different scenarios.

Detection failures may occur at distance from the camera or in extremely low light
and high dust environments. In some cases, due to similar visual features, the model
may confuse background structures or equipment edges with personnel. Additionally,
the current dataset was collected from limited underground environments and equipment
configurations, which may limit the model’s generalization ability under other mining
or operational conditions. Future work will focus on improving small object detection
capabilities, enhancing the model’s robustness in low visibility conditions, and expanding
the diversity of the dataset to improve the model’s generalization ability.

6. Conclusions
This paper addresses the challenges of insufficient detection accuracy, high false

alarm rates, and excessive computational complexity in underground personnel detection
around Load–Haul–Dump (LHD) vehicles by developing an improved RT-DETR-based
detection framework termed FP-DETR. Rather than introducing entirely new detection
architectures, this work focuses on the moderate integration and adaptation of lightweight
feature extraction, attention mechanisms, and loss optimization strategies for complex
underground mining environments.

Specifically, the CSP-FFCM module is incorporated into the backbone network
to enhance spatial–frequency feature representation under low-illumination and dust-
interference conditions while reducing model complexity. In addition, the POTE module
adapted from the polarity-aware linear attention mechanism in PolaFormer is integrated to
improve global feature interaction and directional sensitivity with linear computational
complexity. Furthermore, the Matching-Aware Loss (MAL) is adopted to improve the
alignment between classification confidence and localization quality, thereby reducing false
detections under severe foreground–background imbalance conditions.

Experimental results on the self-constructed underground dataset demonstrate that
the proposed FP-DETR achieves consistent performance improvements over the baseline
RT-DETR-r18 model. Specifically, FP-DETR improves mAP@0.5 from 87.0% to 88.5% and
mAP@0.5:0.95 from 55.1% to 58.6%, while reducing the number of parameters from 20.0 M
to 15.8 M and decreasing computational complexity from 57.3 GFLOPs to 51.2 GFLOPs.
Multi-seed experiments further indicate the stability and reproducibility of the proposed
framework under different training conditions. In field deployment experiments, FP-DETR
also reduces the frame-level FPR from 4.1% to 3.4% compared with the baseline model,
while maintaining real-time inference performance on edge devices.

Overall, the proposed FP-DETR achieves a reasonable balance between detection accu-
racy, computational efficiency, and deployment cost for underground personnel detection
tasks. The experimental and field-test results suggest that the proposed framework has
potential applicability for real-time underground perception systems. However, the current
field validation remains limited to specific mining environments and deployment condi-
tions. Future work will further investigate large-scale multi-mine validation, long-term
deployment stability, and stability under more diverse underground operating scenarios.
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